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Abstract: 
Local primary emission, transport, and secondary formation of aerosols constitute the 
major atmospheric particulate matter (PM) over a certain region. To identify and quantify 
major sources of ambient PM is important for pollution mitigation strategies, especially on a 
city scale. We developed two source apportionment methods to make the first-order estimates 
of local primary contribution ratio (LCR) of PM2.5 (PM with diameter less than 2.5 μm) using 
the high-density (about 1 per km
2
) network observations with high sampling frequency (about 
1 hour). Measurements of PM2.5 mass concentration from 169 sites within a 20 km x 20 km 
domain are analyzed. The two methods developed here are mainly based on the spatial and 
temporal variations of PM2.5 within an urban area. The accuracy of our developed methods is 
subject to the assumptions on the spatial heterogeneity of primary and secondary formed 
aerosols as well as those from long-range transport to a city. We apply these two methods to a 
typical industrial city in China in winter of 2015 with frequent severe haze events. The local 
primary pollution contributions calculated from the two methods agree with each other that 
they are often larger than 0.4. The LCR range is from 0.4 to 0.7, with an average value of 
0.63. Our study indicates the decisive role of locally emitted aerosols in the urban severe haze 
formation during the winter time. It further suggests that reductions of local primary aerosol 
emissions are essential to alleviate the severe haze pollution, especially in those industrial 
cities.  
Key Words: PM2.5; local primary emission; severe haze; high-density stations; 
spatial-temporal analysis  
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Highlights: 
1. Two approaches are developed to quantify the local contribution from primary emissions 
to haze using high-density site observations 
2. Both methods indicate the importance of local primary emissions in haze formation in an 
industrial city with contribution ratios of 0.4-0.7. 
3. Local primary emission contribution ratio increases with mean pollution level during the 
winter of an industrial city. 
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1. Introduction 
Haze pollution, caused primarily by fine suspended particulate matters (PM) in the air, 
has been a worldwide concern of the public, government, and scientists for many decades, 
with current hotspots in China and India (Zhang et al., 2015; Wang et al., 2016a). The PM, in 
particular those with aerodynamic size smaller than 2.5 μm (PM2.5), can deteriorate 
atmospheric visibility, exert adverse effects on human health, and induce extreme weathers 
like drought and flooding (Cao et al., 2012; Xu et al., 2013; IPCC, 2013; Wang et al., 2014a, 
2016b; Zhao et al., 2018). To make reliable mitigation strategies for haze pollution, we need 
to improve our current understanding of the sources and formation of haze events and the 
contributions from different key factors.  
Haze occurs as the accumulation of aerosol within the boundary layer under certain 
meteorological conditions, such as weak air movement and low boundary layer height (Zhao 
et al., 2013; Wang et al. 2014b; Zhang R. et al. 2014; Sun et al., 2014; Zhang Q. et al., 2015; 
Zheng et al., 2015). Aerosols can be classified into two groups according to the processes of 
their presence in the air: primary emitted and secondary formed. Primary ones are those 
directly emitted into the atmosphere from local sources and those transported from other 
places (e.g., Wang et al., 2018a,b), and secondary ones are those produced in air via 
complicated chemistry and gas-to-particle conversions (Zhang et al., 2012; Guo et al., 2014; 
Zhang R. et al., 2015) while the precursor gases could also be emitted locally or transported 
from other locations. Primary aerosols come from all kinds of natural and anthropogenic 
sources, such as wind-blown dust from desert, biomass burning and fossil fuel combustion, 
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among which the emission from industrial activities is considered as the significant source of 
PM2.5 in many regions (Ohara et al., 2007; Zheng et al., 2009; Fujii et al., 2013; Wang et al., 
2014; Al-Hasnawi et al., 2016). The formation of secondary aerosols is dependent on several 
factors, such as precursor gaseous species (SO2, NOx , NH3, VOCs, etc.), sunlight, ambient 
relative humidity, temperature, as well as reaction surface (e.g., Zhang R. et al. 2015). In 
addition to the aerosol sources, the abundance of PM2.5 in a region also depends on their 
interplay with meteorology as indicated by almost all pollution studies (Yang et al., 2016).  
A large number of studies have been carried out to untangle the dominant sources of 
pollutants in haze events of China, particularly for the Beijing-Tianjin-Heibei (BTH) region. 
Many of them reported the dominant role that secondary aerosol production plays in the 
elevation of PM2.5 during severe haze episodes (e.g., Zhao et al., 2013; Huang et al., 2014; 
Wang et al., 2014b; Guo et al., 2014; Ma et al., 2017). For example, Huang et al. (2014) 
investigated the sources of PM2.5 by using two receptor models, chemical mass balance 
(CMB) and positive matrix factorization (PMF), and showed high secondary aerosol 
contribution to haze events in China, particularly BTH region. Guo et al. (2014) analyzed the 
chemical composition measurements by an aerosol mass spectrometer (AMS) with PMF 
method, and found that gaseous emissions of VOCs and nitrogen oxides from traffic 
emissions and sulfur dioxide from regional industrial activities were responsible for 
secondary PM formation, while primary emissions and regional transport of PM were not 
very significant. Wang et al. (2014b) analyzed the PM2.5 observations and the non-refractory 
submicron aerosol species obtained from AMS during a heavy haze pollution episode over 
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central and eastern China in January 2013, and suggested the main cause was the quick 
secondary transformation of primary gaseous pollutants to secondary aerosols, which 
contributed to the “explosive growth” and “sustained growth” of PM2.5. Zheng et al. (2015) 
suggested that both secondary formation and regional transport play an important role in 
severe pollution events in addition to the synoptic weather patterns conductive to haze 
formation, by comprehensively analyzing the meteorology, aerosol chemical composition and 
PM2.5 mass concentration. With PMF analysis of measurements from an Aerosol Chemical 
Speciation Monitor (ACSM), Sun et al. (2014) indicated that stagnant meteorological 
conditions, coal combustion, secondary production, and regional transport were four main 
factors driving the formation and evolution of haze pollution in Beijing during wintertime.  
Models with the source apportionment capability can identify the haze contributions 
from local primary sources. For instance, it has been shown that Chemical Transport Model 
(CTM) can be accurately used to estimate single source contributions (Liu et al., 2017; Li et 
al., 2018). In addition, there has been work to use a hybrid of dispersion modeling and CTM 
results to provide better fine scale representation of pollutant concentrations. For example, 
recent model simulation studies (e.g., Appel et al., 2010; Zhang et al., 2014) have 
investigated air quality based on high-resolution (4-12 km) simulations using the Community 
Multiscale Air Quality (CMAQ) model. The aerosol component of CMAQ model has been 
frequently used for the estimates of the primary emissions of elemental and organic carbon, 
dust, and other species (Binkowski and Roselle, 2003; An et al., 2007; Diaz-Robles et al., 
2008; Wang et al., 2014; Wang et al., 2015; Li et al., 2015; Woody et al., 2016). However, 
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CTMs on the urban scale have their potential uncertainties. Several studies (e.g., Tesche et al., 
2006; Han et al., 2009; Liu et al, 2010; Kota et al., 2018) have indicated that biases between 
CMAQ simulations and observations could exist due to potential uncertainties in emissions, 
simulated meteorology, chemical processes, etc.   
  Observational methods have also been developed to study air pollution or PM2.5 
contributions from different sources. Most of these methods make use of the aerosol chemical 
information with the PMF analysis (Aiken et al., 2008; Zhang et al., 2009; He et al., 2010; 
Harrison et al., 2011; Ge et al., 2012; Chen et al., 2014). Zhang Q. et al. (2015) showed that 
the conversion of SO2 to sulfate accounts for 20% of PM2.5 under humid conditions, implying 
likely more important contribution from primary emissions. Sun et al. (2014) found that 
secondary organic aerosols contributed 41–59% of organic aerosols with the rest being 
primary organic aerosols. Most of these quantification studies are source apportionment 
studies from aerosol chemical speciation measurements or estimated from model simulation 
studies. Issues exist for studies using Aerodyne aerosol mass spectrometers (AMS), which 
generally measures the relative chemical distributions for particles with diameters below 1.0 
μm. As known, severe haze events are often accompanied with a large mass fraction from 
particles with diameters larger than 1.0 μm, but the source analysis from AMS provides 
figures of particles in submicron size only and cannot discriminate between source areas. 
Moreover, PM2.5 source apportionment studies can be carried out based on elemental analysis 
from filter sample measurements and back trajectory analysis from receptor model 
simulations. For example, Song et al. (2006) applied PMF to the source apportion of PM2.5 
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and identified eight sources for PM2.5 samples measured in Beijing area in 2000. Heo et al. 
(2009) carried out similar source apportionment analysis in Seoul, Korea for 393 filter 
samples during the period from 2003 to 2006. Kalaiarasan et al. (2018) combined the 
elemental analysis based on filter samples and CMB model analysis to study the source 
apportionment of PM2.5 in Manalore, India, and found that PM2.5 in this region is mainly 
contributed from the vehicle emissions. For studies with integrated filter-base samples, they 
focus on soluble materials, instead of non-soluble metals, which could result in an impression 
of relatively higher contributions of secondary formation. 
We here propose an observation-based approach, which is composed of a spatial 
approach and a temporal approach to estimate the relative contribution by local primary 
emissions to PM2.5 for pollution events. Such an observation-based approach takes full 
advantage of the high-density network of PM2.5 measurements recently deployed in several 
major cities in China. 
2. Data and Methods 
2.1 Data 
Measurements of PM2.5 mass concentration were performed at 169 sites, which are 
located within a 20 km x 20 km domain in an urban region of an industrial city in north China, 
from November 2, 2015 to February 28, 2016. The instruments have several modes to 
measure different variables, including PM2.5, PM10, SO2, NO2, CO and O3. In this study, the 
records of PM2.5 were applied. The concentration of PM2.5 was quantified with the β-ray 
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absorption method. The measurable range is 5-2000 μg/m3, with resolution and accuracy of 
0.01 μg/m3 and 1 μg/m3, respectively. The temporal resolution for the observations was set at 
1 hour. More information about the instrument are described by Shi et al. (2018). The spatial 
distribution of 169 sites is provided in Figure 1a. Figure 1b also shows the relative 
distribution of PM2.5 emissions of four types of emission sources, including industry, power 
plant, residential and transportation, from the multi-resolution emission inventory for China 
(MEIC) in 2015 (Li M. et al., 2017). It is clear that industry emission is the largest source for 
this region. 
We also classify the whole study period into 10 severe and 5 relatively weak haze periods 
based on the peak values of region-averaged hourly PM2.5. Once the peak value of hourly 
PM2.5 is larger than 350 μg/m
3
, the whole haze event is classified as a severe haze period. The 
starting and ending of an event are defined as the PM2.5 mass concentration overpasses and 
falls below 75 μg/m3, respectively. Occasionally, there are cases with PM2.5 mass 
concentration decreases first and then increases with all PM2.5 concentrations are higher than 
75 μg/m3, which are treated as one haze event here. If the peak value of PM2.5 is less than 350 
μg/m3, the whole haze event from the starting to ending is classified as a relatively weak haze 
period. Table 1 shows the identified 10 severe and 5 relatively weak haze periods. For all 
haze events analyzed in this study, the haze event period is no less than 1 day and the daily 
mean PM2.5 mass concentration on the day with peak hourly PM2.5 should be higher than 75 
μg/m3. By contrast, a non-haze event is defined as a period with PM2.5 smaller than 75 μg/m
3
 
for at least 24 hours consecutively. 
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Meteorological factors such as wind and mixed-layer height (MLH) can modulate the 
severity of pollution. For the domain and period of our interest in this study, we do not have 
concurrent weather station data and cannot get MLH and wind near surface. Instead, we 
obtain wind speed at 10 m above surface from the European Centre for Medium-Range 
Weather Forecasts (ECMWF) reanalysis data. Note that grid box (40 km x 40 km) of 
ECMWF reanalysis data is even larger than our study domain (20 km x 20 km), so the wind 
from ECMWF only represent large-scale dynamics, not the urban scale. Figure 2 shows the 
relationship between study domain averaged PM2.5 and grid wind speed at 10 m above 
surface from ECMWF. It shows that most wind speeds have values between 1 and 3 m/s, 
while wind directions are different. Thus, the wind speed near surface is generally less than 3 
m/s during the haze events studied here. High wind speed sometimes occurs from Northwest 
and Northeast, generally with low PM2.5 mass concentration. Figure 2 shows that there is no 
clear relationship between large-scale wind and PM2.5 mass concentration for the study period. 
Due to the unavailability of surface observations, how meteorology affects the aerosol 
transport cannot be investigated in further detail. 
2.2 Local contribution ratio determination methods 
The sources of PM2.5 can be divided into three types: local primary emissions, transport 
of aerosol particles, and local formed secondary particles. To quantify the local primary 
emission contribution fraction, we assume that the aerosol amount from transport 
(background amount) is uniform in space within a small domain area (National Research 
Council, 2000; De Gaetano and Doherty, 2004; Mohr et al., 2011), such as 20 km x 20 km in 
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this study. For example, De Gaetano and Doherty (2004) showed little spatial variation in 
PM2.5 mass concentrations in New York for regional-scale pollution processes. With a 20 km 
x 20 km study domain and a typical 3 m/s near surface wind speed, the dispersion timescale 
in this region is about 1.9 hours, which is much smaller than the duration time of a haze event 
studied here. Assuming the aerosols from transport vary little with location in the study 
domain could be valid. Regarding the secondary formation of aerosol, gas pollutants 
generally disperse through an urban area at the similar rates as particles. The formation of 
secondary PM species (e.g. Secondary organic aerosol) can also depend on ambient PM2.5 
surface area and/or volume which impact heterogeneous chemistry and partitioning of 
semi-volatile species (Kroll and Seinfeld, 2008; Wang, et al., 2016). Hence the mass 
concentration of the secondary formed PM2.5 can be positively correlated with primarily 
emitted PM2.5. With these in mind, we propose a spatial variation method and a temporal 
variation method to derive the local contribution ratio from primary emissions.  
We first quantify the local primary contribution fraction (LCR) based on the spatial 
heterogeneity of PM2.5, which is defined as spatial approach in this study. For any time during 
a haze event, we have one site with the minimum PM2.5 mass concentration (PM2.5min) over 
the analysis domain, and a given site with PM2.5 mass concentration (PM2.5). Both PM2.5 and 
PM2.5min are composed of three parts, local primary emission (L_PM2.5 and L_PM2.5min), 
transport of PM2.5 (T_PM2.5 and T_PM2.5min), and secondary formation of PM2.5 (S_PM2.5 and 
S_PM2.5min). The local primary emission contribution ratio can be defined as 
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where i is the observation site, and t is the observation time (hour). However, we do not have 
observation information of L_PM2.5. Instead, the local primary emission contribution ratio 
from analysis of spatial variation (LCRs) is calculated as  
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The difference of PM2.5 and PM2.5min can be written as 
PM2.5-PM2.5min=L_PM2.5+T_PM2.5+S_PM2.5-L_PM2.5min-T_PM2.5min-S_PM2.5min. With the 
assumption that aerosols from transport vary little with location in the study domain, 
PM2.5-PM2.5min=L_PM2.5+S_PM2.5-L_PM2.5min-S_PM2.5min. Thus, Eq. (2) can be written as  
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Compared to the definition of LCRs shown in Eq. (1), Eq. (2) includes two extra parts in the 
numerator, which are local primary emission at the site with minimum PM2.5 and relative 
difference of secondary formation between the given site and the site with minimum PM2.5. 
The local primary emission at the site with minimum PM2.5 could make LCRs from Eq. (2) 
underestimated. In contrast, secondary formation terms between the given site and the site 
with minimum PM2.5 could make LCRs overestimated since S_PM2.5 is generally larger than 
S_PM2.5min. Thus, the LCR probably includes some portion of the SOA. However, the two 
terms work against with each other. We here assume their combination effect to LCRs is 
weak enough, so that they can be cancelled out to a large extend. Thus, Eq. (2) can serve as a 
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practical estimate of LCRs.  
To evaluate the assumption of weak contribution from the two terms in Eq. (2), we 
conduct additional analyses on the available concurrent trace gas measurements. We calculate 
the ratios of variation (standard deviation) among 169 sites to their mean values for both NO2 
and PM2.5, as shown in the upper panel of Figure 3a. The NO2 demonstrates similar temporal 
variations as the PM2.5. Another precursor gas of SO2 exhibits very similar spatial variation as 
that of NO2. Figure 3b further shows that the O3 follows the similar temporal variation as the 
PM2.5 with positive correlation. The results shown in Figure 3 imply that the secondary 
formed aerosols are positively correlated with PM2.5 mass concentration. Moreover, Figure 3a 
shows that the ratios of variation (standard deviation) among 169 sites to their mean values 
are around 10-20% for most cases, much less than that for PM2.5 which are around 20-40%. 
Figure 3b shows that the ratios of O3 spatial variation (standard deviation) among 169 sites to 
their mean values are mainly 10-15%, even less than that for NO2 and SO2. These low values 
might further imply relatively weak spatial variation of secondary formed PM2.5. In other 
words, the term S_PM2.5-S_PM2.5min could have weak contribution in Eq. (2).  
We further investigate the likely contribution from L_PM2.5min in Eq. (2). The site with 
PM2.5min is generally within a small domain with few emission sources, likely making 
PM2.5min close to the background values and L_PM2.5min close to zero. The accuracy of this 
argument could be examined by comparing the PM2.5min concentration to the one at a regional 
background site outside of the urban area. We here use the measurements from a national site 
outside of the urban area studied, while a few emission sources still exist at a few kilometers 
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far away. As shown in Figure 4, the minimum PM2.5 determined from the 169 sites in the 
study domain agrees very well (r
2
= 0.79) with that from the national site, with even a little 
smaller values. Thus, the PM2.5min should be with weak contribution from local primary 
emissions, even weaker than that for the national site. The relative larger values of PM2.5 at 
the national site compared to PM2.5min should be associated with the existing emission sources 
around the national site, and using PM2.5min in our analysis could be more reasonable. 
Therefore, the magnitude of L_PM2.5min and (S_PM2.5-S_PM2.5min) are likely small, and they 
will be offset by each other in Eq. (2), making the LCRs reasonable to serve as a first-order 
estimate of local primary emission contribution ratio to the PM2.5 during haze. Also note that 
invalid data, such as missing and bad data indicated in the dataset, have been removed in our 
analysis.  
We can also quantify the LCR based on the temporal evolution of the heterogeneity of 
PM2.5 during a haze event. For any site in a given haze event, we can get the daily average 
PM2.5 mass concentration at both peak (PM2.5pk) and starting (PM2.5st) stages. The growth 
amount of PM2.5 at each site is PM2.5pk-PM2.5st, with the minimum growth amount 
(PM2.5pk-PM2.5st)min. With the similar assumptions and derivation processes as LCRs, the local 
primary emission contribution ratio from the temporal approach (LCRt) is calculated as, 
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where i is the observation site. Same as the LCRs from spatial approach, the LCRt from 
temporal approach is also a first order estimate from observations. 
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2.3 Model simulation method 
To compare with our observation-based estimates of local primary contributions we 
derived, we further carry out a dispersion model simulation combining the emission dataset 
and the Weather Research and Forecast (WRF) with the Stochastic Time-Inverted Lagrangian 
Transport (STILT) model (WRF-STILT). The simulation domain is 900 km by 900 km with 3 
km horizontal resolution. The main physical options in the WRF runs include the rapid 
radiative transfer scheme (RRTM), the Yonsei University (YSU) scheme for atmospheric 
boundary layer, the Purdue Lin scheme for cloud microphysics, etc., similar with our 
previous model setup (Zhao et al., 2009). The initial and boundary meteorology conditions 
for WRF are provided by the National Center for Environmental Prediction (NCEP) final 
analysis (FNL) data. For STILT runs, we choose the receptor location at the center of the 
study region with the releasing height at 10 m. We first run the WRF to produce the hourly 
meteorology. Then, we run the STILT to get the 4-day-backward trajectories and footprints (f) 
every 3 hours. Third, we multiply the footprints with the a priori emission map (F) to get the 
PM2.5 mass concentration from primary emissions within the city (local primary PM2.5, 
PM2.5lm) and outside the city (transport PM2.5, PM2.5tm) using the same method as indicated by 
Zhao et al. (2009),   
),(),,|,(),(
,,
ji
mji
mjirrrr yxFtyxtXftXC      (5) 
where Xr and rt  are receptor location and time, ),,|,( mjirr tyxtXf  is the footprint and 
),( ji yxF  is the surface emission map at location ),( ji yx  and time mt . Note that the a 
priori emission is from MEIC in 2015. The ),( rr tXC  from the city contribution is PM2.5lm, 
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from the region outside the city is PM2.5tm, and from all regions is total PM2.5 from primary 
emissions and denoted as PM2.5pm. Fourth, the model calculated relative contributions from 
local primary emission, transport of primary particles, and secondary formation can be 
obtained by  
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where LCRm, TCRm and SCRm are model-based contributing ratios to total PM2.5 from local 
primary emissions, transport of primary particles, and secondary formation, respectivley. 
PM2.5 is the total observed PM2.5 mass concentration.  
3. Results and Discussion 
  Strong spatial and temporal variations of PM2.5 have been found over a small domain. 
Figure 5 shows the temporal variation of PM2.5 obtained from the 169 sites, along with the 
all-site averaged PM2.5. The 10 sever haze events are marked in the figure, with remaining 
time periods for relatively weak haze events. It is clear that the PM2.5 mass concentration was 
high in winter 2015 with identifying haze events which include starting, developing, peak and 
dissipating stages. While all site observations show quite similar temporal variation, they did 
have large differences in the PM2.5 mass concentrations, as demonstrated by gray points in 
Figure 5. The variability of PM2.5 among the 169 sites are mostly 20-30% of their means. 
Large differences among the 169 sites are more distinct for those periods with high PM2.5 
  
© 2019 American Geophysical Union. All rights reserved. 
mass concentration. These differences indicate the inhomogeneity of PM2.5 mass 
concentration in a small domain, which should be associated with local primary emissions 
particularly when our assumptions in section 2 are reliable. The high mass concentration of 
PM2.5 in winter BTH region was found by many previous studies (e.g., Wang et al., 2013; Sun 
et al., 2014). Figure 5 also indicates that multiple haze events could exist during the time 
periods that are classified as relatively weak haze periods, which make the calculation of 
LCR from temporal approach challenging for these periods. Thus, the LCR from temporal 
approach is not examined for the relatively weak haze periods. 
Large contribution ratio values from local primary emissions have been found for all 
study periods. Based on the spatial approach, the probability distribution function (PDF) of 
local contribution ratios from primary emissions over all observation sites during all haze 
events in winter 2015 shows a wide distribution with a mean (median) value of 0.57 (0.61) 
and standard deviation of 0.20, as shown in Figure 6. The maximum probability of LCRs is 
about 73%, which is also shown in Figure 6. The local primary aerosol emissions were the 
major contributor to the aerosol loadings within the examined region in winter 2015, with a 
contributing fraction of more than 60% in most periods.  
We investigated the spatial distribution of LCRs for all severe and relatively weak haze 
periods. Figure 7 shows the distributions for three of severe haze events: p3, p4 and p5. From 
this figure, we can see more clearly that LCRs are correlated with the PM2.5 mass 
concentrations: they demonstrated very similar patterns while slight differences exist. 
Moreover, the spatial patterns of LCRs are generally similar among haze episodes. Actually, 
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the LCRs for other episodes also demonstrate similar spatial patterns, while some differences 
do exist. These similar spatial patterns of PM2.5 and LCRs indicate the relatively stable 
pollution sources in this study domain. The exact pollution sources types in different 
locations are not investigated in this study since we do not have the pollution source 
information. 
Figure 8 shows the temporal variation of averaged LCRs using the spatial approach, 
which includes both the severe and weak haze events. While there are a relatively large range 
of values, the LCRs show a clear temporal/monthly variation with the maximum local 
primary contribution ratio about 70% in late December and early January. LCRs shows the 
minimum value about 40% in early November before the season with coal burning for 
heating which starts on November 15. This result implies that local primary contribution ratio 
could increase with the pollution level. However, if we compare the LCRs between severe 
and weak haze events at periods close to each other, no significant differences were found. 
This implies that the local primary emission contributions are similar within a short time 
window while the haze strength could be different due to various meteorology. We should 
note that local meteorology could affect the transport and secondary formation of aerosols 
and make LCR vary with meteorology, which is not discussed in this study. In fact, heavy 
haze events often occur under stable weather conditions, i.e. stagnant airflow, under which 
there are much less regional aerosol transports and dispersions. Figure 9 shows the scatter 
plot between mean PM2.5 mass concentration and LCRs for all identified haze periods in 
winter of December, January and February (DJF). We can find a good linear relationship 
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between LCRs and PM2.5 mass concentration (y=0.54+0.0004x) with correlation coefficient 
0.61. The intercept is larger than 0.5 and the slope is positive, suggesting that local primary 
emission contribution ratio of aerosols increases with pollution level, and local primary 
emission is generally the largest PM2.5 influential factor with contributions larger than 54% 
for the study period. The correlation coefficient of 0.61 corresponds to an r
2
 value of 0.37, 
which means that 37% of the variability of domain averaged PM2.5 can be attributed to 
changes in the mean LCRs for the study region. Other influential factors to LCRs will be 
investigated in future, particularly the meteorology.  
Figure 10 shows more details about the PDF of LCRs at all observation sites during 
different pollution periods as defined in Table 1 using the spatial approach. The mean and 
median values of LCRs for each period have also been listed in the panels. Same as those 
indicated earlier, only for the 4 haze events (p1, p2, p3 and c1) in November, the LCRs values 
with maximum PDF are less than 0.5. For other haze events (p4-p10, c2-c5) in DJF, the LCRs 
values with maximum PDF are almost all larger than 0.5, indicating significant PM2.5 
contribution from local primary emissions. Also note that the LCRs demonstrate various 
shapes for their PDFs. Among the 15 haze cases, while most demonstrate single-mode 
distribution, weak bimodality distributions could be found for a few haze events. This could 
be associated with the hot spots of local strong emission sources in an industry city. For those 
haze events with relatively larger heterogeneity, the sites near the strong emission spots and 
relatively far away from those spots shows large differences in the local primary emission 
contribution values, large versus small, causing two peak values in the PDF distribution of 
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LCRs.  
The temporal variation of LCRt for identified severe haze periods is analyzed in Figure 
11. There is also a clear temporal variation of LCRt, with the maximum value around 70% in 
late December and early January and the minimum value around 40% in early November and 
late February. The LCRt values and their temporal variation are similar to those obtained 
from spatial approach. In addition to the temporal variation of LCRt, the spatial variation of 
LCRt is also examined for each episode. They are roughly consistent with that for LCRs. By 
checking the LCRs and LCRt values for 10 haze events, we found that LCRs and LCRt 
consistently show that local primary contributions are larger than 40% for most sites. The 
approaches could be potentially improved for a more accurate estimation in the future, 
including reducing assumptions by adding information of the spatial distribution of aerosols 
from transport and secondary formation.  
Figure 12 shows the four month averaged maps of WRF-STILT footprints from 
November 2, 2015 to February 28, 2016. It clearly shows that the most influential region to 
the receptor location (or study domain) is the study city. For regions outside the city, the 
footprints are much smaller. It implies that for primary aerosol particles, local emissions 
could play a much more important role than transport from outside regions. Figure 13 further 
shows the PDFs of LCRm, TCRm and SCRm, along with the average relative contributions 
from local primary emission, transport of primary particles, and secondary formation for the 
whole study period. The local primary contribution ratio from the model simulation is mainly 
between 20% and 80%, with an average value of 51.4% and a standard deviation of 19%. 
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Note that our observation based analyses have shown a wide distribution of LCR with a mean 
value of 0.57 with standard deviation of 0.20, roughly consistent with the model based 
estimates. A two-tailed student-t test shows that the observation based LCRs are (not) 
statistically different from the model based estimates at the 95% (99%) significance level. 
Although uncertainties could exist for both the observation based estimates and model 
simulation results, their consistency in LCR contributions help justify the new methodology 
introduced in this study. On average, the relative contributions from local primary emission, 
transport of primary particles, and secondary formation are 51.4%, 16.8% and 31.8% with 
standard deviations of 19%, 10% and 20%, respectively (Fig. 13). 
We also compared our results with previous studies while there are slight differences in 
the study locations. Liu et al. (2016) showed that the primary emission contributions to the 
PM2.5 in Beijing-Tianjin-Hebei (BTH) region where our study domain lies within is about 
68±12% in winter of 2010 based on the Weather Research and Forecasting model with 
Chemistry (WRF-Chem) simulation study. This result is roughly consistent with the average 
values of our findings (Fig. 9) while it is slightly larger. Note that emission controls may have 
decreased the local emission amount in 2015 compared to that in 2010, and the primary 
emissions in the study of Liu et al. (2016) include both local and transported. Differently, 
some studies (e.g., Guo et al., 2014) showed slightly more significant contributions (33-54%) 
from secondary formation in Beijing compared to our model-based estimates for examined 
industrial city. Note that Beijing is a city with much less industries compared to the one we 
studied. Currently, it is still challenging for us to accurately evaluate the results due to the 
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lack of direct measurements and source apportionment of aerosols from local primary 
emissions, the secondary formation, and the regional transport. 
4. Conclusions 
This study develops two PM2.5 spatiotemporal variation analysis methods to provide a 
first-order estimate of the local primary emission contribution ratio to PM2.5 using 
high-density network observations with high sampling frequency. These methods are applied 
to PM2.5 observations in an industrial city of north China. Both methods show that the 
contribution of locally emitted aerosols is significantly high in all haze events from 
November 2015 to February 2016, with a mean ratio larger than 60%. The analyses from two 
methods show similar LCR values and seasonal variations, with maximum values around 
0.70 in late December and early January, and minimum values around 0.40 in early 
November. It is also found that local contribution ratio of primary emissions increases with 
pollution level, with a positive correlation coefficient 0.61 in winter time. Further model 
based simulation analyses show roughly consistent results as the observation based estimates 
regarding the local primary emission contributions to PM2.5. Our results suggest that local 
primary emissions play a critical role in the high PM2.5, particularly during severe haze events 
in an industrial type of city. One implication of our study is that control of local primary 
emission should be an important strategy to alleviate the China haze pollution, particularly 
for the industry urban regions. Our methods of quantifying the PM2.5 source apportionment of 
local primary emissions using high-density station observations provides an effective mean 
for air quality assessment and decision making support. 
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Figure 1. (a) the 169 ground observation stations with PM2.5 measurements are shown with 
red points within a small domain of 20 km x 20 km; (b) the relative emissions of PM2.5 from 
industry, transportation, residential and power plants over the study domain. 
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Figure 2. Scatter plots between near surface grid wind speed at 10 m above the ground from 
ECMWF and study domain averaged PM2.5 mass concentration from November 2015 to 
February 2016. The red and blue “+” are for Northeast (NE) and Southeast (SE) winds, 
respectively; the red and blue “.” are for Northwest (NW) and Southwest (SW) winds, 
respectively. 
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Figure 3. The temporal variation of the ratios of spatial variation (standard deviation) among 
169 sites to their mean values for both NO2 (red) and PM2.5 (black) in the upper panel (a), and 
for both O3 (red) and PM2.5 (black) in the lower panel (b). 
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Figure 4. Comparison of the minimum PM2.5 (PM2.5min) mass concentration among the 169 
sites within the study domain with the measured PM2.5 mass concentration at a regional 
background site outside of the urban area. 
  
  
© 2019 American Geophysical Union. All rights reserved. 
 
Figure 5. Time series of PM2.5 observations from 169 sites (gray dots) along with the regional 
average of PM2.5 (black line) during the winter period from November 2, 2015 to February 28, 
2016. The marks with red lines indicated the severe haze events, and the time periods without 
marks are for relatively weak haze events. 
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Figure 6. The probability distribution function (PDF) of local contribution ratio from primary 
emissions over all observation sites for all haze periods identified in Table 1 in winter 2015 
using spatial approach. The mean, median and standard deviation of the local contribution 
ratio from primary emissions are 0.57, 0.61, and 0.20, respectively. 
  
  
© 2019 American Geophysical Union. All rights reserved. 
 
Figure 7. Spatial distribution of PM2.5 (left column) and LCRs (right column) for three haze 
episodes of p3 (top panels), p4 (middle panels) and p5 (bottom panel). 
  
© 2019 American Geophysical Union. All rights reserved. 
 
Figure 8. The temporal variation of the local contribution ration from primary emissions 
using spatial approach (LCRs) in winter 2015. The squares represent the mean values among 
the observation sites with the study domain, and the bars represent the standard deviations. 
The red colors are for severe haze time with relatively high PM2.5 concentrations, and the 
blue colors are for relatively weak haze time with relatively low PM2.5 concentrations. The 
severe and relatively weak haze have defined in Table 1. 
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Figure 9. Variation of local contribution ratio (LCRs) from primary emissions with the 
pollution levels in winter time of December, January and February (DJF), along with the 
linear fitting regression line. Both severe and relatively weak haze events have been adopted 
in this analysis. 
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Figure 10. The probability density function (PDF) of local contribution ratio (LCRs) from 
primary emissions over all observation sites for 10 severe haze events marked with “p” and 5 
relatively weak haze events marked with “c”, same as defined in Table 1 using spatial 
approach. The mean (A) and median (M) values of LCRs for each period have also been 
listed above the panels.  
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Figure 11. The temporal variation of the local contribution ration from primary emissions 
using temporal approach (LCRt) for identified severe haze periods in winter 2015. The 
squares represent the mean values among the observation sites with the study domain, and the 
bars represent the standard deviations.  
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Figure 12. The 4-day-backward footprint maps averaged over four months near the study city 
(purple squares) with the high-density PM observation network. “+” denotes the receptor 
location. 
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Figure 13. Normalized PDFs of model-based contributing ratios to total PM2.5 from a) local 
primary emissions, b) transport of primary particles, and c) secondary formation, along with d) 
the averaged relative contributions from these three sources for the 4-month period from 
November 2, 2015 to February 28, 2016. 
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Table 1. The severe (p) and relative weak (c) haze time periods identified subjectively based 
on the PM2.5 concentrations, along with the time for hourly PM2.5 peak value, the hourly 
PM2.5 peak value and the time duration (days) for each haze period.  
 Serial 
Number 
Periods 
PM2.5 peaks of spatial 
mean value (μg/m3) 
Days 
p1 2015.11.02 - 2015.11.07 403 6 
p2 2015.11.07 - 2015.11.16 412 10 
p3 2015.11.26 - 2015.12.03 839 8 
p4 2015.12.03 - 2015.12.16 522 14 
p5 2015.12.16 - 2015.12.27 808 12 
p6 2015.12.27 - 2015.12.30 687 4 
p7 2015.12.30 - 2016.01.05 732 7 
p8 2016.01.08 - 2016.01.11 504 4 
p9 2016.02.07 - 2016.02.15 381 9 
p10 2016.02.18 - 2016.02.22 390 4 
c1 2015.11.16 - 2015.11.26 284 11 
c2 2016.1.5 - 2016.1.8 273 4 
c3 2016.1.11 - 2016.2.7 344 28 
c4 2016.2.15 - 2016.2.18 110 3 
c5 2016.2.23 - 2016.2.28 310 6 
  
